The past few years have witnessed a tremendous increase on the use of unmanned aerial vehicles (UAVs) in a wide range of civilian and commercial applications. UAVs are expected to be an important component for 5G and beyond 5G networks. However, there are many challenges associated with the development of UAV networks and applications. In this study, we focus on the heavy computation tasks of UAVs, and design a new and novel task offloading scheme for UAV networks. To achieve the best possible tradeoff between communication delay and computation cost, we adopt the basic concept of (α, β)-bargaining solution, and formulate a cooperative bargaining game model to solve the UAV computation offloading problem. According to the characteristics of (α, β)-bargaining solution, the main advantage of our approach is to provide an axiom-based strategic solution for the task offloading problem while dynamically responding to the current UAV conditions. Extensive simulations are performed in order to confirm the performance superiority of our proposed scheme compared to the existing state-of-theart protocols. Numerical results show that our approach achieves in average about 10% and 20% better performance results in terms of system throughput, task failure probability, and energy efficiency ratio of UAVs. Finally, a few of open problems are outlined and identified as possible future research directions.
I. INTRODUCTION
Unmanned aerial vehicles (UAVs) are a class of aircrafts that can fly without the onboard presence of human pilots in order to control their motions. This type of small aircrafts can be controlled either remotely or autonomously. Recent technological advances have led to the emergence of smaller and cheaper UAVs, which are expected to play significantly important roles in future wireless communication systems. With the number of UAVs expected to increase explosively in the coming years, it is imperative to develop innovative technologies not only for supporting reliable and secure UAV remote command and control, but also for enabling highcapacity mission-related applications. To this end, integrating
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UAVs into 5G communications is a promising solution to implement future network systems [1] - [2] .
UAVs with various missions are strongly connected to the flying ad hoc networks (FANETs), and they are expected to have many applications such as rescue missions, target detection, remote sensing, surveillance, service delivery, pollution detection and farming, etc. These applications vary from simple environmental monitoring to the complex high security military applications. Consequently, UAVs are brought to deal with highly computation intensive tasks such as video preprocessing, pattern recognition and feature extraction, which typically require complex computations and dedicated delay constraints. However, despite the ever-increasing UAVs' capabilities, there are many challenges associated with the development of UAV applications. Due to the UAV's small size, the most important part of these challenges for many applications is associated with the limited computing capabilities of UAVs. Usually, computation-intensive applications require high processing and energy resources, which affect real-time operations and the life-time of an UAV system or even might eventually impact on a mission success [3] - [4] .
To alleviate the restriction of computing power in UAVs, mobile cloud computing (MCC) technology has attracted much attention recently. Usually, cloud computing is the use of remote computing technology for scalable use over the internet. Due to the popularity of mobile devices, the cloud computing concept has been extended to a mobile paradigm. MCC is a technique in which mobile applications are built, powered and hosted using cloud computing technology, and provides external computing and storage resource to process the mobile tasks remotely. Therefore, the MCC enables developers to build applications designed specifically for mobile devices without being bound by the computing or memory capacity of mobile devices. Based on the MCC technology, computation intensive tasks in UAVs can be offloaded, and most computation can be executed in the MCC server to greatly reduce the burden on UAVs [1] - [4] .
In this study, we design a new computation offloading scheme for UAVs. To exploit the computing capability in MCC while reducing the overhead of UAVs, one main issue is how to split the computation task of UAV to proceed the offload service. Therefore, the computing task is divided into two parts; one part is executed locally, and the other part is offloaded to be completed. Each individual UAV should consider the current FANET situations to adaptively solve this task partition problem. The main goal of each UAV is to optimize the service utilization by effectively handling the computation offloading services. The general FANET infrastructure with UAVs is shown in Figure 1 . However, under a complicated FANET system scenario, it is an extremely challenging and difficult work. Furthermore, we effectively mediate between the implementation practicality and the system optimality. Therefore, we need a new control paradigm to address the task partition problem. Game Theory is a part of applied mathematics that describes and analyzes interactive decision situations. It is used to predict the outcome of complex interaction among rational players, and attempts to mathematically capture behaviors in strategic situations. The success of game player depends on the choices of the other players. Generally, games may be categorized as non-cooperative and cooperative games. Non-cooperative games are concerned about how players interact with each other to achieve their own goals. In cooperative games, the players can make binding commitments to reach a fair-efficient solution [5] . In this paper, we focus on a cooperative game model for the UAV task partition problem. By adopting an effective cooperative bargaining solution, we design a new UVA computation offloading scheme for FANETs; our approach can preserve the novelty of bargaining game such as self-adaptability and real-time effectiveness while ensuring relevant tradeoff between efficiency and fairness.
Motivated by the above discussion, our proposed UAV task offloading scheme is designed based on the (α, β)-bargaining solution. With a reference point, the (α, β)bargaining solution introduces two parameters, i.e., α and β, in bargaining problems. The first parameter α can be interpreted as the salience of the reference point, whereas the second parameter β can be interpreted as its power in shaping players' aspirations. From a game-theoretic perspective, the (α, β)-bargaining solution exhibits a number of interesting axiomatic properties. Based on the infrastructure of FANETs, this solution can be adaptively applied to provide a fair-efficient solution for the task partitioning problem. Therefore, during the bargaining game process, we make control decisions to achieve a globally desirable system performance while maximizing UAVs' own profits. Our key contributions are summarized in the following: i) we virtually split a computation intensive task to get the offload service while considering control issues with the FANET system. ii) we explore the (α, β)-bargaining solution to design a novel UAV computation offload scheme. iii) we develop a distributed cooperative game model. Therefore, each individual UAV effectively strikes the appropriate performance balance between contradictory requirements. iv) the synergy effect is a consequence of the reciprocal combination of different value solutions. Therefore, we can effectively strike the appropriate performance balance. v) we justify the mutual advantages of the proposed approach with extensive simulations. To confirm the superiority of the proposed approach, we compare our scheme with existing state-of-the art protocols. The rest of the paper is organized as follows. We provide a literature review in Section II. In Section III, we describe the FANET infrastructure and some preliminaries about the (α, β)-bargaining solution. And then, the task partitioning problem is formulated based on the (α, β)-bargaining game model. In Section IV, we present simulation results to validate the effectiveness of our game based approach by comparing with existing protocols. Finally, the paper is concluded and topics of future research work are discussed in Section V.
II. RELATED WORK
Due to its advantages of offloading services for UAVs, different papers have been published from the perspectives of key techniques and challenges regarding FANET operations.
The paper [12] surveys the FANET structure and its protocol architecture. Especially, this paper highlights the advantages of constructing a multi-UAV network and a four-layer network structure. And then, the pros and cons of the existing protocol architectures are investigated, followed by an overview of the associated gateway-selection issues. In addition, a variety of distributed gateway-selection algorithms and cloud-based stability-control mechanisms are addressed, complemented by a range of open challenges. Finally, some possible research directions for future investigations are mentioned [12] .
In [13] , T. Bai et al establish a secure UAV model and formulate an energy-efficient computation offloading problem, subject to both time-duration and security constraints, in the presence of an active eavesdropper. Owing to the presence of multiple variables, the original problems cannot be directly solved. To overcome this problem, authors transform the original problems into convex problems having a single variable, through a series of mathematical manipulations accompanied by their strict proofs. And then, they provide the corresponding optimal offloading solutions within the feasible sets for active and passive eavesdroppers. Finally, the conditions of zero, partial, and full offloading are analyzed from a physical perspective [13] .
The Energy and Latency aware Hybrid Offloading(ELHO) scheme is an energy and latency aware offloading algorithm for time-critical UAV applications [4] . This scheme provides two UAV offloading methods; air-offloading and groundoffloading methods. In the air-offloading method, a UAV can offload its computing tasks to nearby UAVs that have available computing and energy resources. The ground-offloading method enables the task offloading service to an edge cloud server, which is connected to ground stations. The ELHO scheme comprises three main subroutines to prolong the lifetime of UAVs by saving resources through task offloading process. Furthermore, this scheme effectively reduces the task blocking probability and the end-to-end latency of handling a computing task. The main novelty of ELHO scheme is the energy and latency awareness to operate offloading services [4] .
The Game Theory based Efficient Computation (GTEC) scheme is a game theory based offloading control algorithm to decrease the execution delay while optimizing the energy overhead [1] . This scheme formulates the task offloading problem by using a non-cooperative theoretical game model with three pure strategies; i) local computing, ii) offloading to edge server, and iii) offloading to a powerful BS. And then, the GTEC scheme provides a comprehensive proof for the existence of a Nash Equilibrium. Through a distributed algorithm, the GTEC scheme converges to that equilibrium. Main objective in this paper is to optimize a global utility function, which takes into account a combination of energy consumption, delay and communication cost. Therefore, the solution obtained in [1] can achieve the best possible tradeoff between execution time and energy overhead while considering communication cost [1] .
The Sequential Game based Computation-Offloading (SGCO) scheme addresses the computation offloading problem related to energy and time sensitive issues [3] . By adopting a theoretical game methodology, this scheme assumes a set of three different types of game players; UAVs, base station, and edge server. For game players, utility functions are defined based on a weighted combination between energy consumption and time delay. Each game player participates in a sequential game and has a set of different possible strategies. Based on the available computation resources, players work together in order to optimize a global utility function, which is defined as the best possible combination between energy consumption and time delay. Finally, the existence of a Nash equilibrium is proved, and the SGCO scheme is implemented to converge this Nash equilibrium [3] .
The ELHO scheme [4] , GTEC scheme [1] and SGCO scheme [3] have introduced unique challenges to efficiently solve the offloading problem for computation intensive UAV tasks. In summary, they are valuable to integrate the characteristics of FANET system and UAV features. Therefore, they have attracted a lot of attentions, recently. In particular, some recent work may use the game theory as an enabling tool to make offloading decisions while maximizing their utility functions. However, none of these studies explore the cooperative bargaining game approach. On the contrary to the existing schemes, we consider a bargaining solution to handle the offloading problem in FANETs. To the best of our knowledge, this is the first challenge. Compared to these existing schemes in [1] , [3] - [4] , we demonstrate the superiority of our bargaining based approach.
III. PROPOSED UAV COMPUTATION OFFLOADING SCHEME
In this section, we present our proposed computation offloading scheme for UAVs. First, we introduce the infrastructure of FANET system and the main idea of (α, β)-bargaining solutions. And then, we formulate our task partitioning problem based on the bargaining game model. Finally, we explain concretely the proposed scheme in the nine-step procedures.
A. THE FANET SYSTEM INFRASTRUCTURE
In this study, we consider a set of small UAVs M = {M 1 , M 2 , . . . ,M n } performing exploration missions that involve highly computation intensive tasks T = T M 1 , T M 2 , . . . , T M n such as video-based surveillance applications. Without loss of generality, we assume that each individual M 1≤i≤n has at most one T M i at a time, and it should be completed within a period of time. Most of UAV applications require an appropriate computing power capability to collect and analyze application data. However, small UAVs have restricted computation capacities along with little onboard batteries. To overcome the UAV's computing power limitation, computation intensive tasks should be offloaded to nearby base station (BS). In the FANET infrastructure, BS hosts a cloudlet that employs a small-scale cloud datacenter. The main purpose of the cloudlet is to support interactively computation-intensive tasks by providing offloading services. It is a new architectural element that extends today's cloud computing services in the FANET system [4] , [6] .
Each task T M 1≤i≤n is defined through three numerical values
denotes the input-bits for computation, which may involve programs codes, configuration files and so on. X M i represents the number of CPU cycles required to process one-bit input, which may vary from different applications and can be obtained through task profilers. Therefore, it needs
is the maximum permissible latency to accomplish the M i . Let L T M i be the rate of computation offloading for the T M i . The L T M i is decided by the M i , and it can be viewed as a continuous variable between 0 and 1. Denote
be the number of task input-bits for the offloading computing, and T L
represents the number of task input-bits for the local computing [7] - [8] .
To complete the computation task, each UAV can dynamically adjust the
is offloaded to the cloudlet at the BS. Therefore, individual UAV can coordinate the offloading computation and local computation. Computation offloading process mainly contains three phases: i) uploading data through the wireless channels, ii) executing the offloaded task on the cloudlet, iii) downloading results from the cloudlet to the corresponding UAV. Usually, the time overhead of the third phase can be ignored, due to the fact that for many applications, the size of the computation outcome in general is much smaller than the size of computation input data, which includes the UAV settings, program codes and input parameters. Therefore, in this study, we only focus on the first and second phases, which involve communication and computation overheads [7] - [8] .
B. THE MAIN CONCEPTS OF (α, β)-BARGAINING SOLUTIONS
Bargaining refers to coalitions of two or more players acting together with a specific common purpose in mind, and a bargaining problem is how to divide the total profit among game players. Since rationality and intelligence are two fundamental assumptions in a bargaining process, any cooperation between players must take into account the objective of maximizing their own individual payoffs. This area of research is typically referred as bargaining game theory [9] - [10] . Until now, various bargaining solutions have been proposed based on slightly different assumptions about what properties are desired. Well-known bargaining solutions for cooperative games are Kalai-Smorodinsky bargaining solution (KSBS), Gupta-Livne bargaining solution (GLBS), tempered aspirations bargaining solution (TABS), and local Kalai-Smorodinsky bargaining solution (LKSBS). Most cooperative bargaining models employ the disagreement point or the reference point as an anchor that influences the negotiated agreements. An important difference between the bargaining advantages provided by these two approaches is that the former can be exercised unilaterally, whereas the latter needs to be mutually acknowledged. In that sense, the power provided by the disagreement point can be labeled as hard power, whereas the power provided by the reference point can be labeled as soft power [11] .
Simply, aspirations can be defined as players' expectations on the best case scenario in negotiations, and anchor points can be defined as what would happen in the worst case scenario. Therefore, aspiration points describe what would happen in the best case scenario; and that there are multiple candidates for both types of salient points which may lead to entirely different descriptions. The KSBS employs the disagreement point as an anchor point, and the ideal point as an aspiration point in proposing a settlement. On the other hand, the GLBS has been introduced by employing the reference point as an anchor point, and the ideal point as an aspiration point. Recently, the TABS has introduced a new salient point into bargaining problems. Such aspirations are derived from the reference point instead of the disagreement point, and the TABS employs the disagreement point as an anchor point, and the tempered aspirations point as an aspiration point. If the reference point completely determines both the anchor point and the aspiration point, this solution is called as the LKSBS. Figure 2 shows these four different bargaining solutions [11] . What is common to all four solution concepts mentioned above is that each proposes a settlement as a feasible VOLUME 7, 2019 compromise between the worst case and the best case scenarios. Briefly, we can point out that the context of each bargain will affect the manner in which the reference point influences the negotiated outcome. The influence of contextual factors on negotiations is an interesting research topic. In general, the salience of the reference point is influenced by various contextual factors. Therefore, the salience of the reference point and its influence on players' aspirations are two main factors. To adaptively adjust these two factors, we introduce two parameters, α, β ∈[0, 1], which capture the influence of the reference point on the anchor and its influence on players' aspirations, respectively. Higher values of α refer to higher influence on the anchor whereas higher values of β refer to higher influence on players' aspirations. This gives us a unifying framework for the study of bargaining problems with a reference point. [11] . As depicted in Figure 3 , (α, β)-bargaining solution proposes the maximum point of the bargaining set on the line segment connecting A (S, βr + ((1 − β) d)) and αr +(1 − α) d. The collection of all such solutions (for which 0 ≤ α, β ≤ 1) constitutes the (α, β)-family of bargaining solutions [11] . In bargaining problems, the two parameters α and β with a reference point allow us to obtain a family of bargaining solutions. This family encompasses some of the well-known solution concepts as special cases. For instance, If α= 0 and β= 0, the reference point has no influence on the anchor point or the aspiration point. This bargaining solution is the KSBS. If α = 1 and β = 0, the reference point completely determines the anchor point but it has no influence on the aspiration point. This bargaining solution is the GLBS. If α = 0 and β = 1, the reference point has no influence on the anchor point but it completely determines the aspiration point. This bargaining solution is the TABS. If α = 1 and β= 1, the reference point completely determines both the anchor point and the aspiration point. This bargaining solution is the LKSBS. Naturally, in between these four corner cases, there are infinitely many intermediate solution concepts that propose settlements by offering feasible compromises between the worst case and the best case scenarios described by anchors and aspirations, respectively [11] .
To characterize the basic concepts of bargaining solutions, we preliminarily define some mathematical expressions. Let R (R + , R ++ ) denote the set of all (non-negative, positive) real numbers and R n R n + , R n ++ be the n-fold Cartesian product of R (R + , R ++ ). An n-person bargaining problem with a reference point is a triple (S, d, r) where S ⊂ R n denotes the set of feasible outcomes, which is a non-empty, closed, convex, and comprehensive set. d is the disagreement point and r is the reference point where r ≥ d and d, r ∈ S. N = {1, 2 . . . n} is the set of game players, and the game player i is an element of N where i ∈ N. We assume that
For every x ∈ S with x > d, let A(S, x) be the aspiration vector such that
. . x n ). Accordingly, A (S, d) is the ideal point and A (S, r) is the tempered aspirations point. Let n be the class of all bargaining problems with a reference point. A solution concept for such problems is a function F: n → R n that associates each (S, d, r) ∈ n with a unique point of S [11] .
By using the α, β ∈ [0, 1] factors, we define the (α, β)-solution where α can be interpreted as the power of the reference point in determining the anchor point, and β can be interpreted as the influence of the reference point in shaping players' aspirations. For every (S, d, r) ∈ n , the bargaining solution with a given (α,β) ∈ [0, 1] 2 F α,β (S, d, r) is defined as follows [11] ; 1] , the (α, β)-solution proposes the maximum point of the bargaining set on the line segment connecting the aspiration point F A and the anchor point F d . As shown in Figure 2 and 3, the collection of all such possible solutions with 0 ≤ α, β ≤ 1 constitutes the (α, β)-family of bargaining solutions [11] .
To examine the axiomatic basis of bargaining solutions, we employ our characterizations. Since characterization results concern bilateral bargaining problems, these definitions are also given for bilateral bargaining problems S ⊂R 2 . We use conventional notation for comparison of two-element vectors: x ≥ y means that x 1≤i≤2 ≥ y 1≤i≤2 , x > y indicates that x ≥ y and x =y and x y means x 1≤i≤2 > y 1≤i≤2 . Let T : R 2 → R 2 be defined by • PO : For every(S, d, r : For every (S, d, r 
T (r)) = T F α,β (S, d, r ) .
• IPAT : For every (S, d, r (S, d, r) . any (S, d, r) , (S', d', r') ∈ 2 such that for some j ∈ {1, 2}:
C. THE UAV COMPUTATION TASK OFFLOADING ALGORITHM
In the FANET system, energy consumption, time delay and communication cost are major control factors. Since most UAVs have limited energy resources and computation capacities, the optimal management of these factors is quite beneficial to maximize the UAV performance. For this reason, we develop mathematical equations to measure i) computing, ii) communication, and iii) delay overheads. First, to calculate the computing overhead, we consider two different computing types; local computing and offloading computing. The local computing amount T L M should be decided related to the current remaining energy of M (δ M ), and the current computation amount in the cloudlet I t , which is the total sum of all UAVs offloading requests. According the δ M and I t , the computing overhead for the T M Q T M , L M , δ M , I t is defined in an online manner;
where L T M is the task splitting ratio to partition the T M into two parts; T L M and T O M . c M and E M are the current remaining energy and the initial energy amount of M, respectuvely. C is the total computation capacity of cloudlet in the BS. φ M and ε are control parameters to estimate local and offload computing overheads, respectively. Second, to estimate the communication overhead, we mainly concern the extra energy consumption for data transmissions. Simply, we assume that ξ C is the extra energy factor per bit for data offloading communications. According to the ξ C , the communication overhead (C (T M , L M )) is defined as
Third, to calculate the delay overhead, we mainly focus on the total time delay between T O M and T L M . To estimate the time delay of T L M , the computing power of UAV is a critical issue. To estimate the time delay of T O M , the current computing power of cloudlet and data transmission rate (DTR) are major concerns. Usually, DTR is defined as the number of information bits that are transmitted without error. In the FANET's effective range, it can be achieved based on the signal-to-interference-plus-noise ratio. A general formula for the M i 's DTR (DTR M i (M)) is defined as follows.
where ω is the wireless channel bandwidth and P M i is the M i 's transmission power. G M i ,BS denotes the channel gain between the M i and the BS. σ 0 is the background noise power. From the communication model in (3), we see that if too many UAVs choose to offload the computation task via the wireless channel simultaneously, they may incur severe interference, leading to low DTR; it would negatively affect the offloading performance of FANET system. According to the DTR M (M), and computing powers of M and cloudlet, the delay overhead for the T M (D (T M , L M )) is defined as follows; complexity, strategies are specified in terms of basic
s.t.,
In this paper, we focus on the main idea of (α, β)-bargaining solution to solve the UAV task splitting problem for the offloading services. As we have asserted throughout this study, the proposed scheme is designed to assist multiple UAVs in the execution of computationally intensive tasks. The principle novelties of our approach are a judicious mixture of different control parameters, and its feasible self-adaptability for the current FANET system environment. Therefore, our proposed scheme can be effectively advantageous under diversified network situations. Usually, optimal solutions have exponential time complexity. Therefore, they are impractical in real-time process. In this study, we do not focus on trying to get an optimal solution based on the traditional approach. Instead, our solution concept is designed based on the bargaining game model, and decision mechanism is implemented with polynomial complexity. The main steps and pseudo code of the proposed scheme are described as follows.
Step 1: System factors and control parameters are determined by a simulation scenario (refer to simulation assumptions and Table 1 in Section IV). In each individual M , the (α, β)-bargaining game G (α,β) is executed in a distributed manner.
Step 2: For the M 's offloading service, the computing overhead (Q (·ď)) is estimated according to the equation (2) . It is defined based on the current remaining energy of M (δ M ), and the current computation amount in the cloudlet I t .
Step 3: The communication overhead of the M is estimated based on the extra energy consumption (ξ C ) for wireless data transmissions.
Step 4: According to the equation (4), the delay overhead for offloading service is jointly calculated by considering the computing and communication delays.
Step 5: As game players, T L M and T O M have their utility functions, i.e., U L M (·) and U O M (·), according to (5) . Each payoff is adjusted by the task splitting rate, i.e., L T M .
Step 6: For the G (α,β) , α and β values are dynamically decided according to (6) .
Step 7: Using the α and β values, aspiration point F A and disagreement point F d are decided based on the equation (7) .
Step 8: Finally, the (α, β)-bargaining solution (F α,β (S, d, r) ) is obtained through the λ value.
Step 9: If a M 's application task (T M ) is successfully completed, the next task will be generated. Constantly, each individual M is self-monitoring the current FANET system situation, and proceed to Step 2 for the next G (α,β) game iteration.
Algorithm 1 Pseudo Code for the Proposed UAV Task Offloading Scheme Define:
System factors' notations and control parameters are given by the Table 1 . The computing overhead of T M (Q (·)) is estimated using (2); M 's data transmission rate is given by (3); The delay overhead is calculated using (4); U L M (·) and U O M (·) are given according to (5) ; α and β values in G (α,β) are decided using (6); Based on the equation (7), F A and F d points are decided, and final bargaining solution (F α,β (S,d,r)) is obtained through the λ value; } } Each individual M is self-monitoring, and parameters are dynamically updated in an online manner; }
IV. SIMULATION RESULTS AND DISCUSSION
In this section, the performance of our proposed scheme is evaluated via simulation, and compare it with that of the existing ELHO [4] , GTEC [1] and SGCO [3] schemes in terms of system throughput, task failure probability, and energy efficiency ratio of UAVs. To develop our simulation model, we have used the simulation language 'MATLAB' to evaluate the proposed scheme and compare it to other schemes. MATLAB is widely used in academic and research institutions as well as industrial enterprises. The scenario setup of our simulation are listed below. • Simulated FANET system consists of one base station, one cloudlet and multiple UAVs M = {M 1 , M 2 , . . . ,M n } where 1 ≤ n ≤ 30.
• In order to represent UAV applications, six different types -I, II, III, IV, V and VI -are assumed. Application tasks T = T M 1 , T M 2 , . . . ,T M n are randomly generated from these six types.
• Total computing capacity (C) of cloudlet is 300 GHz, and the initial energy amount (E M ) of UAV is 100 Jules.
• Network performance measures obtained on the basis of 100 simulation runs are plotted as functions of the offered UAV numbers (1≤ n ≤30).
• For calculation simplicity, the strategies of the game G (α,β) are specified in terms of basic control unit ( ). We set = 0.1 in this study where L T M = {0, 0.1, 0.2, . . . , 0.9, 1}. • Performance criteria obtained through simulation are system throughput, task failure probability, and energy efficiency ratio of UAVs.
• In our simulation model, system throughput is defined as the normalized data amount of successfully serviced. Task failure probability is defined by considering the ratio of the total number of generated tasks to the number of unsuccessfully completed tasks. Energy efficiency ratio of UAVs is characterized by the ratio of the UAV's remaining energy amount to the initial energy amount.
• We assume the absence of physical obstacles in the experiments. According to the simulation metrics, the performance is evaluated mainly to demonstrate the validity of the proposed approach. The simulation parameters are presented in Table 1 . Each parameter has its own characteristics. In Figure 4 , we plot the FANET system throughput of the schemes under the different number of UAVs. The x-axis shows offered numbers of UAVs in the FANET system being VOLUME 7, 2019 increased from 0 to 30, while the y-axis shows the normalized system throughput achieved by each of schemes. From the viewpoint of system operator, the system throughput is a main criterion on the performance evaluation. In Figure 4 , the curves clearly show that our proposed scheme can accommodate the increased system capacity in the FANET system, and maintains the stable throughput superiority under different task load intensities compared to the existing ELHO, GTEC and SGCOschemes. It is worth noticing that our bargaining based approach can effectively split the computation tasks by dynamically select the game strategy, and performs better the computation offloading services. Hence, we can draw a conclusion that our proposed scheme can achieve a better tradeoff between local and offload computations. Figure 5 shows the service failure probability with different numbers of UAV tasks. As can be observed, all four schemes have similar trends. When the offered task number increases, the average amount of offload computations also increases. Therefore, computation and communication overheads are likely to be increased. This may lead to a higher service failure probability. It is intuitively correct. In the proposed scheme, local and offload computations are executed cooperatively based on the (α, β)-bargaining solution while striking an appropriate system performance. Therefore, the limited UAV's resource is used effectively to satisfy the desirable requirement of each application task. The simulation results in Figure 5 can be interpreted as our proposed scheme strategically exploits the FANET system capacity to ensure a higher QoS satisfaction, which represents a lower service failure probability. Figure 6 depicts the energy efficiency ratio of UAVs in the FANET system. Energy efficiency is another prominent issue for FANET operations; it is analogous to the average lifetime of UAVs. If the concept of energy efficiency is not considered explicitly at the design stage of computation offloading algorithms, it can result in a very energy inefficient offloading process. To characterize the energy efficiency notion, we estimate the ratio of the UAV's remaining energy amount to the E M , which can be used to measure the excellence of the computation offload algorithms. In the proposed scheme, we adopt the basic idea of cooperative bargaining game model, and the restricted energy resource of UAV is properly utilized. Therefore, in our proposed scheme, the actual outcome of UAV's energy efficiency is fairly better compared with the other existing schemes.
The simulation results displayed in Figure 4 to Figure 6 demonstrate that our (α, β)-bargaining based approach can attain an appropriate performance balance; conversely, the ELHO, GTEC and SGCOschemes cannot offer such an attractive outcome under the different number of UAVs in FANET system.
V. SUMMARY AND CONCLUSION
Thanks to the recent technological advances, FANET system is becoming a promising solution for different application scenarios involving multiple UAVs, which can automatically fly without human help. However, UAV applications require complex and time-consuming calculations along with the limited onboard resource. It makes computation offloading a promising feasible solution to mitigate these shortcomings. In this study, we have addressed the task splitting problem in order to accomplish UAVs' computation intensive applications within acceptable QoS and reasonable energy consumption. To maximize the FANET performance, we design a novel UAV offloading scheme based on the cooperative bargaining game model. According to the (α, β)-bargaining solution, individual UAVs can adaptively decide the ratio of the local computing and offload computing while maximizing their own utility payoffs under dynamic FANET environments. To gauge the effectiveness of our proposed approach, performance evaluation is presented in comparison with the existing state-of-the-art UAV task offloading protocols. Through the simulation result, we can evaluate the efficiency of our proposed scheme in terms of task success probability, normalized UAV payoff, and tradeoff propriety between energy consumption and delay.
Given the extensiveness of the FANET system, it is also concluded that more rigorous investigations are required with greater attentions. Therefore, there will be different open issues and practical challenges for the future study. First, we will investigate the security of the FANET system especially in regards to UAV authentication. Many Internetbased lightweight authentication techniques can be applied practically to dynamic UAV behaviors. Second, we further study the properties of the online task offloading algorithm, and find that it achieves the offline optimum asymptotically. Third, we are planning to investigate the local P2P data sharing availability, mobility tracking, fault tolerance, and cellular-direct offloading schemes to complement the current FANET system. Last but not least, we are keen to implement our protocol to real test-bed and analyze the system performance, which is hopeful to achieve valuable experience for practitioners.
